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ABSTRACT
The invasion of the Laurentian Great Lakes by aquatic invasive species (AIS) has been
the subject of investigation for decades, due to their dramatic alterations to the ecosystem and
high economic costs. Two AIS with the largest impacts are dreissenid zebra and quagga mussels,
and though these species have been studied extensively, questions remain about what factors
control their distributions, and whether lake warming will alter these distributions. Species
distribution models (SDMs) offer a powerful tool to examine the relationship between species
presences and environmental variables, which are typically bioclimactic data. The creation of the
Aquatic Habitat (AqHab) dataset containing biological, chemical, geomorphological,
hydrological variables within the Great Lakes provides a novel opportunity to build models that
do not rely on atmospheric climate proxies. We hypothesized that the high-resolution AqHab
dataset would produce SDMs with improved predictive capabilities for dreissenids than SDMs
constructed with BioClim covariates. We also predicted niche differences between the
dreissenids would be reflected by the models. SDM models were fitted using two algorithms:
Maximum Entropy (MaxENT) and Boosted Regression Trees (BRT). AqHab models better
predicted quagga mussel presence than BioClim models. Dreissenid niche differences, such as
zebra preferring shallow, warm waters and quaggas preferring deep, cold waters, were apparent
from all models. Our results imply that aquatic species distribution models may be improved
with the addition of aquatic habitat environmental layers.
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INTRODUCTION
North America’s Great Lakes, described as Laurentian after the glacier whose meltwater
formed them, constitute the largest freshwater ecosystem in the world. Among the many
anthropogenic threats facing these waters, over 180 aquatic invasive species (AIS) threaten the
biodiversity, biotic communities, food webs, biogeochemical processes, economic activities, and
overall resilience of the Great Lakes system (Minchin et al. 2002; Barbiero & Tuchman 2004;
Pimentel et al. 2005; Bykova et al. 2006; Burlakova et al. 2012; Bunnell et al. 2014; Jiying et al.
2021). Few AIS have been studied as thoroughly as the zebra mussel (Dreissena polymorpha;
Pallas), unsurprising given their deserved reputation as the most aggressive and disruptive
invaders in the northern hemisphere (Karatayev et al. 2002; Knoll et al. 2008). However, the
quagga mussel (Dreissena rostriformis bugensis; Andrusov), delayed in invasion and scientific
attention relative to its congener, is now recognized as the dominant Dreissena species in the
Great Lakes benthos (Stoeckmann 2003; Wilson et al. 2006; Karatayev et al. 2015).
Zebra and quagga mussels (dreissenids collectively) originate from the Ponto-Caspian
basin of Eurasia and began to invade outside of their native range in the early 19th century with
the construction of shipping canals from the Black Sea basin to the Baltic Sea basin (Karatayev
et al. 1997). Following human shipping activity, the bivalve molluscs rapidly spread throughout
the freshwaters of eastern and western Europe (Mackie 1989; Mackie & Schloesser 1996;
Minchin et al. 2002). In 1986, the zebra mussel was first discovered in North America in Lake
St. Clair (Hebert et al. 1989), having hitched a ride from Europe in ballast water. It was followed
shortly thereafter by the quagga mussel in 1990 (Spidle et al. 1994). Shipping routes, the
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hydrological interconnectedness of the lakes, and the vast reproductive capabilities of dreissenids
allowed them to spread rapidly once introduced (Mills et al. 1994; Beletsky et al. 2017). In the
first decade after detection, the Great Lakes benthos was dominated by the zebra mussel,
prompting an explosion of research regarding the invader, however it was noted in the mid1990s that the quagga mussel was rapidly displacing its congener (Mills et al. 1993; Mitchell et
al. 1996; Wilson et al. 2006; Karatayev et al. 2015; Strayer et al. 2019). In response, researchers
began investigating the genetic, physiological, and ecological differences between the two
closely related species to explain the apparent competitive replacement.
Zebra mussels, named for the characteristic “zebra stripe” pattern on their valves, are also
known for the high degree of plasticity of their shell morphology (hence the epithet
polymorpha). For this reason, generalizations for the zebra shell morphometrics can be difficult,
though zebra mussels tend to be wider across valves than quagga mussels and shorter in height,
with pronounced ventral flattening of the valves (Mackie 1991; Voroshilova et al. 2010;
Kerambrun et al. 2018). Combined with higher byssal thread production and a greater tensile
strength than the quagga, these adaptations make zebra mussels more resistant to dislodgement
(Peyer et al. 2009). In nearshore areas, subject to more mechanical stress from wave action,
strong attachment may confer zebra mussels an advantage. Additionally, a higher temperature
required for spawning and greater survival at temperatures between 20-30 °C may also favor D.
polymorpha in the warmer and ever-fluctuating nearshore habitats (Spidle et al. 1995; Thorp et
al. 1998; Huang et al. 2016). Higher respiratory rates but slower shell and body mass growth of
zebra mussels compared to their congener can be explained by greater amounts of gametes
released during spawning, suggesting an emphasis on reproduction typical of aggressive invaders
(Kolar & Lodge 2002; Stoeckmann 2003; Karatayev et al. 2009). Together, these characteristics
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may explain why zebra mussels spread faster and establish in more waterbodies than quagga
mussels yet are outcompeted where they co-occur (McMahon 2002; Karatayev et al. 2011; Bates
et al. 2013; Rudstam & Gandino 2020).
Quagga mussels, named after the extinct zebra subspecies with fewer stripes, vary widely
in shell morphology, even to the extent that shallow populations seem to mimic zebra mussel
shell proportions (Claxton et al., 1998, Peyer et al. 2010). However, quagga mussels tend to be
larger, taller and with a less flat and convex ventral margin compared to zebra mussels (Spidle et
al., 1994). Perhaps the most striking trait of D. r. bugensis is its ability to colonize a wide range
of depths, from nearshore to > 90 m, enabling it to occupy more habitat in the Laurentian Great
Lakes. A lower thermal limit and a lower spawning temperature (6-9 °C for quagga versus 10-12
°C for zebra) are both critical factors determining success in the cold profundal zone of the lakes
(Claxton & Mackie 1998). Additionally, quagga mussels have lower respiration rate and a
greater capacity to cope with food limitation, a key asset in the profundal zone of large, stratified
lakes, where phytoplankton abundance is seasonally scarce (Baldwin et al. 2002, Stoeckmann
2003, Wilson et al. 2006, Huang et al. 2016). Collectively, these traits indicate that quagga
mussels can outcompete zebra mussels and exclude them in most habitats of the Laurentian
Great Lakes, which appears to be the case (Nalepa et al. 2010, Karatayev et al. 2015, Nalepa et
al. 2020). With abundant experimental data demonstrating dreissenid niche differences,
ecological modelers have attempted to capture these trends with environmental spatial data to
predict dreissenid distributions and abundances (Gallardo & Aldridge 2014, Rowe et al. 2015).
Species distribution models (SDMs) are tools used by ecologists for applications such as
predicting new regions vulnerable to invasion, identifying appropriate habitat for endangered
species, and quantifying the realized niche space for species (Soberon & Peterson 2005; Hirzel &
3

Le Lay 2008; Elith & Leathwick 2009). Though the broader field of biogeography is much older,
models to predict species distributions are just over two decades old (Guisan et al. 1998;
Zimmerman & Kienast 1999; Guisan & Zimmerman 2000). Other terms for models with similar
goals include ecological niche models, predictive habitat distribution models, and occupancy
models. Whilst some models seek to extrapolate the suitable habitat of a species to areas without
presence data, others like this study seek to understand the ecological niche of the organism
within a known range (Guisan & Thuiller 2005). Hutchinson (1957) sought to define the
fundamental ecological niche of an organism as a possibly infinite-dimensional space of abiotic
and biotic conditions in which an organism can sustain a population, outside of which they failed
to survive. Though statistical models like SDMs cannot capture the fundamental niche of a
species, they can estimate a realized niche by providing a relative index of habitat suitability
based on relationships between a species’ presence and environmental conditions.
SDMs can be constructed by a variety of methods, but one class of algorithms has gained
prominence for its power and versatility: machine learning models (Elith et al. 2008; Schuwirth
et al. 2019). Such models require the presences of the species in question, and potential
explanatory environmental variables, often called covariates by modelers. Machine-learning
algorithms are ideal for modeling niches given their ability to handle nonparametric data,
nonlinear responses, and interactions between covariates (Friedman et al. 2001, Guisan &
Thuiller 2005). Relationships between the species’ presences and the covariates are statistically
estimated by the models, which can then be used to predict the suitability of habitat with
unknown occupancy for the species. Unlike regression models, which favor parsimony in
explanatory variable selection, machine-learning models can utilize many explanatory variables
to maximize predictive power (Zheng & Casari 2018). For interpretability, the relevancy of the
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environmental covariate data to the habitat of the species in question is critical for constructing a
biologically meaningful model.
The current standard for environmental covariate layers used in SDMs is the BioClim
dataset, which is comprised of 19 interpolated surfaces representing global seasonal temperature
and precipitation patterns in a manner thought to be relevant to a wide variety of organisms (Fick
& Hijmans 2017). Though hydrological processes are mechanistically linked to air temperature
and precipitation, aquatic biomes may not be adequately represented by the climatic and habitat
variables used to delineate the spatial distributions of terrestrial species (Barve et al. 2011;
Frederico et al. 2014; Huang & Frimpong 2016; Feng & Papes 2017; Nori & Rojas-Soto 2019).
Specific hydrological covariates have been proposed for constructing more accurate aquatic
SDMs, although there is debate about how reliable the models constructed with these variables
are (McGarvey et al. 2018; Parreira et al. 2019). Databases such as the Great Lakes Aquatic
Habitat Framework (GLAHF; Wang et al. 2015) and the NOAA Great Lakes CoastWatch
Program provide high-resolution measurements of hydrological covariates for the entirety of the
Great Lakes, a rarity for freshwater ecosystems.
Here, we will utilize a large dataset of aquatic environmental covariates to construct
SDMs of D. polymorpha and D. r. bugensis in the Laurentian Great Lakes. Past studies
constructing dreissenid models have relied on atmospheric climate proxies (Quinn et al. 2014;
Feng et al. 2020), employed statistical interpolation of dreissenid density without environmental
covariates (Rowe et al. 2015), or been single-species or single-lake in scope (Koutnik & Padilla
2011). Our study will be the first to encompass both species, the entirety of the Great Lakes
system, and compare the performance of models calibrated with aquatic environmental
covariates to those generated with BioClim atmospheric covariates. It is anticipated that our
5

models will reflect the niche differences between zebra and quagga mussels that previous
research has described and demonstrate that more of the Great Lakes habitat is suitable for
quagga mussels than zebra mussels. It is also predicted that the aquatic habitat covariate models
will perform better than the BioClim covariate models at accurately predicting dreissenid
occurrence, based on the assumption that they estimate the organisms’ habitat better than
atmospheric climate proxies.
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METHODS
Presence records for zebra and quagga mussels in the Laurentian Great Lakes (Figure 1)
were obtained from multiple sources: the NOAA Great Lakes Environmental Research
Laboratory (GLERL) Great Lakes Aquatic Nonindigenous Species Information System,
(https://www.glerl.noaa.gov/glansis/), the Great Lakes Aquatic Habitat Framework
(https://www.glahf.org/) databases, and through direct communication with collaborators at The
Nature Conservancy (Dr. Lindsey Chatterton, personal communication). Combining data from
different sources required removal of redundant observations and yielded n = 1083 zebra mussel
presences and n = 725 quagga mussel presences. While previous SDMs for dreissenids have
larger sample size (n = 6438), these were global models (Quinn et al. 2014) and did not have as
much data for our study area. Presences have dates associated with each record and span several
decades, from 1989 to 2018.
A dataset of fifteen environmental covariates depicting aquatic habitat factors (AqHab
dataset) for (AqHab) for all five lakes was compiled from multiple sources (Table 1). From the
Great Lakes Aquatic Habitat Framework database, the following covariates were sourced as
raster files: bathymetry, cumulative degree days, circulation direction, circulation magnitude, ice
duration, relief, spring rate of warming, stratification duration, substrate, and upwelling index.
From the NOAA- GLERL CoastWatch Program, satellite-derived estimates of Chlorophyll A
and dissolved organic carbon were obtained (https://coastwatch.glerl.noaa.gov/), and
collaborators at The Nature Conservancy provided benthic temperature data (NOAA-GLERL
Forecasting System; http://www.glerl.noaa.gov/res/glcfs/). Distance to shoreline and distance to
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major river mouths rasters were created in ArcGIS Pro 2.2.0 (ESRI, Inc.) with the Euclidean
Distance tool and is the only portion of this study conducted without R software. Several
covariates had yearly measurements available, and in this case all years between 1989 and 2018
were averaged in R to yield a single raster. Most covariates were natural-log transformed to
improve normality, and then all were rescaled by subtracting the mean and dividing by the
standard deviation. Rescaling helps reduce model bias, improve model stability, and
interpretation (Zheng & Casari 2018).

Table 1. Environmental covariates used in the AqHab dataset. Includes measurement class, code names used in
models and graphs, units, data sources, and year collected / range of years averaged for the raster data. Asterisks
indicate the covariates that were log-transformed.
Covariate

Code

Class

Units

Source

Year Range

Bathymetry*

BATH

Geomorphological

Meters

GLAHF

2014

Benthic temperature*

BTEMP

Temperature

°C

NOAA

2006-2013

Chlorophyll-a*

CHLA

Biogeochemical

µg/l

NOAA

2002-2017

Circulation direction

CIRDIR

Hydrological

Degrees

GLAHF

2006-2012

Circulation magnitude*

CIRMAG

Hydrological

KTS

GLAHF

2006-2012

Cumulative degree days

CDD

Temperature

°C/year

GLAHF

1995-2013

Dissolved organic
carbon*
Distance from river*

DOM

Biogeochemical

mgC/l

NOAA

2002-2017

DRIVER

Physical

Meters

Original

2021

Distance from shoreline*

DSHORE

Physical

Meters

Original

2021

Ice duration*

ICE

Temperature

Days/year

GLAHF

1987-2013

Relief*

RELIEF

Geomorphological

Meters

GLAHF

2014

Spring rate of warming*

SRW

Temperature

°C/day

GLAHF

1995-2013

Stratification duration

STRAT

Temperature

Days/year > 15 °C

GLAHF

1995-2013

Substrate

SUB

Geomorphological

Categorical

GLAHF

2015

Upwelling index*

UPWELL

Hydrological

Days/year

GLAHF

1994-2013
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The study area was mapped to a grid consisting of 255055 hexagonal cells 1 km2 in area
(the study resolution or grain size), with each environmental covariate assigned a single value to
each hexagon in R using the “raster” package function “extract()”. Covariate rasters were mostly
downscaled in this process from 1.2-2 km2 resolutions, though some were upscaled from a 30
km2 resolution Where a hexagon covered multiple raster cells for an environmental covariate, the
average of the cells was extracted. Each hexagon was also assigned a value for zebra or quagga
mussel presence if at least one presence point fell within it, with the remaining hexagons
considered the potential background locations (sometimes called pseudoabsences). Because the
rasters for the AqHab dataset originated from several sources and were measured with various
methods, there was occasional missing data along the shoreline of the lakes. Partially, this is due
to the nature of raster data, with grids of cells that form a jagged edge incompatible with natural
shorelines. The dreissenid datasets contained many points in the nearshore region (as a result of
both biological trends and ease of sampling), and 184 presences fell into cells missing one or
more pieces of environmental data along the shoreline. To utilize all the presences and better
reflect the true extent of dreissenid habitat, missing values were imputed with a k-Nearest
Neighbor algorithm to select the three nearest hexagons to the missing value hexagon, and
assigning it their average value.
Nineteen climactic environmental covariates were sourced from WorldClim’s
bioclimactic (BioClim) layers (Table 2), representing interpolated global temperature and rainfall
parameters which have been curated to reflect the biological tolerances of organisms (Fick &
Hijmans 2017; https://www.worldclim.org/). The rasters were accessed using the R package
“dismo” function “biovars()”, and clipped from their global extent to the study region. The 30-
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second resolution rasters were extracted to the same hexagonal grid as the AqHab dataset, and
the covariates rescaled by subtracting the mean and dividing by the standard deviation.

Table 2. Environmental covariates used in the BioClim dataset. Describes covariate codes and measurement
representation. Derived from https://www.worldclim.org/.
BioClim Code

Covariate

BIO1

Annual mean temperature

BIO2

Mean diurnal range (mean of monthly temperature range)

BIO3

Isothermality (BIO2 / BIO7) * (100)

BIO4

Temperature seasonality (standard deviation ×100)

BIO5

Maximum temperature of warmest month

BIO6

Minimum temperature of coldest month

BIO7

Temperature annual range (BIO5 - BIO6)

BIO8

Mean temperature of wettest quarter

BIO9

Mean temperature of driest quarter

BIO10

Mean temperature of warmest quarter

BIO11

Mean temperature of coldest quarter

BIO12

Annual precipitation

BIO13

Precipitation of wettest month

BIO14

Precipitation of driest month

BIO15

Precipitation seasonality (coefficient of variation)

BIO16

Precipitation of wettest quarter

BIO17

Precipitation of driest quarter

BIO18

Precipitation of warmest quarter

BIO19

Precipitation of coldest quarter

To train the models, 80% of the presences for each species were randomly selected (nzebra
= 866; nquagga = 580) and 10k background hexagons were randomly selected. In many SDMs
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training data selection procedures, especially for stationary organisms like plants or mussels, a
geographic buffer is created around presences to constrain background point selection to areas
physically accessible to the organisms. However, due to the timeframe of dreissenid
establishment in the Laurentian Great Lakes and the remarkable dispersal capabilities of their
veligers, it was assumed that dreissenid mussels have potential access to the entirety of the study
area and background points were randomly selected from the entirety of the lakes.
Two machine-learning SDM algorithms were selected in order to investigate whether
distinct model structures provided reinforcement of the findings or, conversely, model biases
resulted in disagreement between predictions. Maximum entropy (MaxENT) is an algorithm
frequently used to construct SDMs with presence-only data (Phillips et al., 2006). To generate
predictions, these models find the most uniform (greatest entropy, least informative, widest
spread) probability distribution, as inferred from incomplete information provided on the target
covariate values. Requiring only presences, a built-in capacity to handle multicollinearity of
covariates, and high-performance in comparative studies have made MaxENT a staple in
ecological statistical modeling (Elith et al., 2006). The models were executed in R using the
package ‘dismo’ and the default parameters for the ‘maxent()’ function.
The second SDM algorithm chosen was Boosted Regression Trees (BRT), which
generates thousands of regression trees and merges them via boosting, optimizing the accuracy
of the final product (Elith et al., 2006). Boosting combines trees in a stepwise manner that
emphasizes goodness-of-fit to the training data, resulting in an ensemble regression model as a
final product. The models were executed in R using the package ‘gbm’. Hyperparameters, which
control the learning procedure, were 60k trees, a learning rate of 0.002, 5-fold cross-validation,
and a Bernoulli distribution for predictions between 0 and 1. AUCs, permuted covariate
11

importance graphs, partial dependency plots, and mapped habitat suitability predictions were
generated for each species based on the best iteration, or the highest performing number of trees.
Habitat suitability scores were rescaled to one by dividing the predictions by the highest score.
The performance of all models was then assessed by their ability to properly discriminate
between presence and background hexagons from the hold-out test set (nzebra = 217; nquagga = 145;
equivalent background hexagons). Referred to as the Area Under the receiver-operator Curve
(AUC), this metric generates a value between 0.5 (indicating random discrimination) and 1
(indicating perfect discrimination). The AUCs reported represent the average AUC score from 5fold cross-validation, where models were fit to five partitions of the training data to consider the
variance in predictive performance. The R packages ‘gbm’ and ‘dismo’ were used to generate
AUCs and habitat suitability predictions for the study area. Permuted covariate importance was
determined with the R package ‘vip’, a procedure that evaluates how a models’ predictive
performance is reduced when a single covariate is permuted. It is necessary to note that the
covariate rankings reflect only their importance for the models’ prediction, not the intrinsic value
of the feature for the species modeled. Partial dependency plots were generated with the R
package ‘pdp’ to discern the marginal effect of a covariate on the predicted habitat suitability,
when all other covariates are held at their average effect. Finally, maps were generated for all
models depicting the predicted habitat suitability for each dreissenid species in the Great Lakes.
By subtracting quagga mussel predictions from zebra mussel predictions, maps of habitat more
suitable for one species than the other were also created.
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Figure 1. Zebra and quagga mussel presence dataset map for the Laurentian Great Lakes. A represents the zebra
mussel (D. polymorpha; n=1083) presences used in this study and B represents the quagga mussel (D. r. bugensis;
n=725) presences used in this study.
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RESULTS
All of the model variations effectively classified the occurrences of both species, with
AUCs of 0.82 or higher (Table 3). BRT models had slightly lower predictive performance
(AUCBRT = 0.88, 0.88, 0.86, 0.82; Table 3) than MaxENT models (AUCMaxENT = 0.89, 0.90,
0.87, 0.86; Table 3). Zebra mussel models had higher predictive performance (AUCD. polymorpha =
0.88, 0.89, 0.88, 0.90; Table 3) than quagga mussel models (AUCD. r. bugensis = 0.86, 0.87, 0.82,
0.86; Table 3). The AqHab covariate models performed similarly to the BioClim covariate
models for zebra mussels (Table 3). For quagga mussels however, the AqHab covariate models
had higher predictive performance than the BioClim covariate models (Table 3).

Table 3. SDMs of Great Lakes dreissenids with AUC scores. Models listed by species modeled, covariate dataset
used, and model algorithm employed.
Species
D. polymorpha
D. polymorpha
D. polymorpha
D. polymorpha
D. r. bugensis
D. r. bugensis
D. r. bugensis
D. r. bugensis

Covariate Dataset
AqHab
AqHab
BioClim
BioClim
AqHab
AqHab
BioClim
BioClim

Model Algorithm
BRT
MaxENT
BRT
MaxENT
BRT
MaxENT
BRT
MaxENT

AUC
0.88
0.89
0.88
0.90
0.86
0.87
0.82
0.86

For the AqHab covariate dataset, both model algorithms identify the nearshore regions
to be most suitable for zebra mussels, particularly in Lake Ontario, Lake Erie, Lake St. Clair,
southern Lake Michigan and the Saginaw Bay of Lake Huron (Figures 2a & 3a). Regardless of
14

species, BRT models classified far fewer hexagons as highly suitable (> 0.5) than did the
MaxENT models (Figures 2 & 3). The two model algorithms agreed on the AqHab covariates
that were most influential (Figure 4a & 4b) for their D. polymorpha predictions: distance to
shore, bathymetry, cumulative degree days, and benthic temperature. The partial dependence
plots (black lines and points, Figures 5 & 6) showed that modeled zebra mussel habitat suitability
decreases sharply in waters deeper than 15 meters, further than 10 kilometers offshore, benthic
temperatures below 8 °C and less than 3200 cumulative °C per year.
The AqHab models predict habitats offshore in Lake Ontario, Lake Erie, Lake
Michigan and Lake Huron to have the highest relative suitability for quagga mussels (Figures 2b
& 3b). Most of Lake Superior, the deepest lake interiors, and some immediate nearshore habitats
have low predicted suitability for quagga mussels (Figures 2b & 3b). D. r. bugensis models relied
foremost on spring rate of warming and ice duration, followed by cumulative degree days and
either bathymetry or distance to shoreline, depending on the SDM algorithm used (Figure 4c &
4d). Partial dependence plots (red lines and points, Figures 5 & 6) indicate quagga mussels better
suited than zebra mussels to habitats that warm less than 0.1 °C per day in the spring and are
covered in ice less than 50 days a year. Quagga mussels are considerably more suited to depths
between 15 - 90m than zebra mussels and demonstrate a lesser association with the distance to
shoreline (Figures 5 & 6). Regions with benthic temperatures in excess of 23 °C and greater than
4000 cumulative °C a year mark where quagga mussel suitability decreases, but zebra mussel
suitability increases (Figures 5 & 6) Spatially, habitat suitability divergence maps demonstrate
that offshore habitat is more suitable for quagga mussels than zebra mussels (red shades, Figure
7a & 7b). Nearshore habitat is equally suitable for the two species (pale yellow, Figure 7a & 7b),
with a few regions better suited to zebra mussels (blue shades, Figure 7a & 7b).
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The BioClim models’ predicted habitat suitability maps (Figures 8 & 9) preserve the
general trends of the AqHab predicted habitat suitability maps (Figures 2 & 3), but differentiate
areas less at the local scale. For example, there tends to be less of a gradient between regions of
high and low relative habitat suitability in the BioClim maps, and regions of highly uniform
suitability scores. The most important BioClim predictors for both species were temperaturerelated: for the zebra mussel, temperature seasonality, mean temperature of the warmest quarter,
and maximum temperature of the warmest month ranked as important for prediction (Figure 10a
& 10b); for the quagga mussel, maximum temperature of the warmest month, temperature
seasonality and annual mean temperature ranked as most important for prediction (Figure 10c &
10d). Habitat suitability divergence maps show the BioClim models are capable of identifying
which habitats are more suitable for quagga or zebra mussels (Figure 11a & 11b).
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Figure 2. Relative habitat suitability maps for Dreissena spp. in the Laurentian Great Lakes, as predicted by BRT
models and the AqHab covariate dataset. A. Zebra mussel (D. polymorpha), B. quagga mussel (D. r. bugensis).
Higher scores indicate more suitable habitat.
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Figure 3. Relative habitat suitability maps for Dreissena spp. in the Laurentian Great Lakes, as predicted by
MaxENT models and the AqHab covariate dataset. C. Zebra mussel (D. polymorpha), D. quagga mussel (D. r.
bugensis). Higher scores indicate more suitable habitat.
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Figure 4. Permuted AqHab covariate importance graphs for Dreissena spp. in the Laurentian Great Lakes. A. Zebra
mussel (D. polymorpha) BRT model, B. zebra mussel (D. polymorpha) MaxENT model, C. quagga mussel (D. r.
bugensis) BRT model, D. quagga mussel (D. r. bugensis) MaxENT model. AqHab covariate codes in alphabetic
order on the y-axes (Table 1). Higher scores indicate covariates considered more important for model predictions.
The black points represent the mean permuted importance, and the colored bars represent the 95% confidence
intervals.
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Figure 5. Partial dependence plots of AqHab covariates for BRT modeled realized niches for Dreissena spp. in the
Laurentian Great Lakes. Each plot represents an AqHab covariate (Table 1). Partial dependence of relative
suitability scores (0-0.15) is represented on y-axes. Covariate range (unscaled and untransformed) associated with
observed dreissenid presence represented on x-axes. Black lines represent zebra mussel (D. polymorpha) BRT
modeled covariate-predicted suitability relationships. Black dots represent covariate value of hexagons with zebra
mussel (D. polymorpha) presences. Red lines represent quagga mussel (D. r. bugensis) BRT modeled covariatepredicted suitability relationships. Red dots represent covariate value of hexagons with quagga mussel (D. r.
bugensis) presences.
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Figure 6. Partial dependence plots of AqHab covariates for MaxENT modeled realized niches for Dreissena spp. in
the Laurentian Great Lakes. Each plot represents an AqHab covariate (Table 1). Partial dependence of relative
suitability scores (0-0.7) is represented on y-axes. Covariate range (unscaled and untransformed) associated with
observed dreissenid presence represented on x-axes. Black lines represent zebra mussel (D. polymorpha) MaxENT
modeled covariate-predicted suitability relationships. Black dots represent covariate value of hexagons with zebra
mussel (D. polymorpha) presences. Red lines represent quagga mussel (D. r. bugensis) MaxENT modeled covariatepredicted suitability relationships. Red dots represent covariate value of hexagons with quagga mussel (D. r.
bugensis) presences.
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Figure 7. Relative habitat suitability divergence maps for Dreissena spp. in the Laurentian Great Lakes, as predicted
by the AqHab covariate dataset. E. BRT models, F. MaxENT models. Scores less than zero indicate habitat more
suitable for the quagga mussel (D. r. bugensis), scores greater than zero indicate habitat more suitable for the zebra
mussel (D. polymorpha). Scores of zero indicate habitat unsuitable for either dreissenid or equally suitable for both.
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Figure 8. Relative habitat suitability maps for Dreissena spp. in the Laurentian Great Lakes, as predicted by BRT
models and the BioClim covariate dataset. A. Zebra mussel (D. polymorpha), B. quagga mussel (D. r. bugensis).
Higher scores indicate more suitable habitat.

23

Figure 9. Relative habitat suitability maps for Dreissena spp. in the Laurentian Great Lakes, as predicted by
MaxENT models and the BioClim covariate dataset. C. Zebra mussel (D. polymorpha), D. quagga mussel (D. r.
bugensis). Higher scores indicate more suitable habitat.
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Figure 10. Permuted BioClim covariate importance graphs for Dreissena spp. in the Laurentian Great Lakes. A.
Zebra mussel (D. polymorpha) BRT model, B. zebra mussel (D. polymorpha) MaxENT model, C. quagga mussel
(D. r. bugensis) BRT model, D. quagga mussel (D. r. bugensis) MaxENT model. BioClim covariate codes in
numeric order on the y-axes (Table 2). Higher scores indicate covariates considered more important for model
predictions. The black points represent the mean permuted importance, and the colored bars represent the 95%
confidence intervals.
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Figure 11. Relative habitat suitability divergence maps for Dreissena spp. in the Laurentian Great Lakes, as
predicted by the BioClim covariate dataset. E. BRT models, F. MaxENT models. Scores less than zero indicate
habitat more suitable for the quagga mussel (D. r. bugensis), scores greater than zero indicate habitat more suitable
for the zebra mussel (D. polymorpha). Scores of zero indicate habitat unsuitable for either dreissenid or equally
suitable for both.
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DISCUSSION
Species distribution modeling of aquatic species in freshwater ecosystems presents
unique methodological and applicatory challenges to spatial ecologists (Kärcher et al. 2019; Nori
& Rojas-Soto 2019; Parreira et al. 2019). Not least among these is obtaining relevant
environmental covariates (Domisch et al. 2015; McManamay & DeRolph 2019). In this study,
SDMs trained in the Laurentian Great Lakes demonstrated capacities for predicting the presence
of two dreissenid mussels, lending weight to the modeled habitat suitability scores and niches of
the species therein. Zebra mussel models had a greater ability to correctly predict the species’
presence than the quagga mussel models. Models trained with the BioClim covariate dataset
exhibited equal to slightly improved predictive performance for zebra mussels the AqHab
covariate models for the species. Conversely, the BioClim covariate models displayed a
decreased predictive performance for quagga mussels than the equivalent AqHab covariate
models, highlighting the importance of hydrological environmental covariates for modeling the
quagga mussel.
The two SDM algorithms, though both capable of predicting dreissenid presence,
differed in the characterization of the covariate-prediction relationships. The BRT partial
dependence plots depict more sensitive covariate-prediction relationships than those generated
by MaxEnt, likely a result of MaxENTs’ internal regularization parameter that simplifies
covariate-prediction relationships (Elith et al. 2011). The linearization of non-linear
relationships, considered a strength of the MaxENT algorithm (Phillips et al 2006), resulted in
more hexagons to be scored above 0.25 relative suitability for all models compared to their BRT
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counterparts, and may explain the higher predictive performance of MaxENT models in this
study.
The AqHab covariates the models relied on most to predict zebra mussel presence
correspond as expected to well-studied aspects of their biology. The decrease in suitability for
benthic temperatures below 8 °C and at lower cumulative degree days agrees with previous
observations showing D. polymorpha requires 10-12 °C for spawning (Sprung 1987; Mackie
1991). Furthermore, higher suitability in nearshore habitats and shallow water fits with their
demonstrated high upper thermal limit (Thorp et al. 1998; Kemp & Aldridge 2018). Shallow
nearshore waters, known as the littoral zone, are the most thermally variable habitats the Great
Lakes and are closely coupled with air temperatures (Bai et al. 2013). This likely explains why
the BioClim covariate models, with data derived from air temperature measurements, had high
predictive performance for the species despite lacking any depth or shoreline measurements.
Modeled quagga mussel niche trends adhere to expectations for D. r. bugensis from the
literature, specifically their lower thermal limit for reproduction, earlier spring spawning, and
lower tolerance for high temperatures (Spidle et al. 1995; Baldwin et al. 2002; Orlova et al.
2004). In most regions of the Great Lakes, depths greater than 30 m experience summer and
winter stratification, where the hypolimnion and the epilimnion cease to mix (Boyce et al. 1989;
Bai et al. 2013). The resulting thermocline represents a decoupling of deep-water benthic
temperatures from the surface water temperatures, effectively insulating the benthos from air
temperature influence in these seasons. The modeled tolerance of quagga mussels for these
deeper, cooler, and less thermally variable regions may explain why BioClim covariate models
did not predict quagga mussel presence as well, given their dependency on air temperature
measurements. Recent increases in quagga mussel densities at depths > 70 m suggests that the
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species has not yet reached peak densities in profundal zones, indicating that the colonization of
this habitat is ongoing (Nalepa et al. 2020). Stratification conditions and lake morphometry are
being recognized as critical niche factors for dreissenids, which global climate models would
have no proxy for (Karatayev et al. 2021).
Competitive replacement of zebra mussels by quagga mussels in large lakes, particularly
the Laurentian Great Lakes is a well-documented phenomenon (Wilson et al. 2006; Nalepa et al.
2010; Karatayev et al. 2015). Therefore, in habitats that are estimated to be equally suitable for
both species, it can be assumed the quagga mussel has replaced the zebra mussel. According to
our modeled predictions, zebra mussel distributions in the Laurentian Great Lakes are then
greatly restricted to warm littoral refugia near the shoreline, in bays, and connecting rivers.
Observations have noted the persistence of D. polymorpha in Saginaw Bay, Georgian Bay, Lake
St. Clair, and the western basin of Lake Erie, where our models indicate higher suitability for
zebra mussels than quagga mussels (Karatayev et al. 2013; Burlakova et al. 2014; Nalepa et al.
2018). The models constructed here reflect replacement trends, despite our study utilizing 358
more zebra mussel presences, some of which were recorded in the late 1980s and early 1990s
when zebra mussels were more abundant than quagga mussels (Nalepa et al. 2010).
Correspondence between small-scale studies of dreissenid habitat use and physiological
limits and broad-scale distribution models of the species in the Great Lakes demonstrates a
potential to make ecologically meaningful local scale predictions with the AqHab covariate
dataset. Past SDMs of dreissenids have largely relied on measures of atmospheric climatic
conditions and terrestrial morphology, in large part due to the ease of utilizing global dataset like
WorldClim. Our models suggest that D. r. bugensis may be less effectively modeled by these
environmental covariates, due to their preference for deep and seasonally stratified habitat. For
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example, Quinn et al. (2014) found that quagga mussels preferred warmer climates than zebra
mussels, due to the presence of quagga mussels in the western North America. However, in this
region quagga mussels are present in large reservoirs such as Lake Mead, which is seasonally
stratified with cooler water temperatures than the air of the desert in which it resides (Veley &
Moran 2012). While climactic models may effectively capture the zebra mussels’ potential range
in shallow waters, lack of depth or distance from shoreline metrics may cause overprediction of
suitable habitat for the species in large freshwater systems (Petsch et al 2020).
Although the Laurentian Great Lakes have datasets measuring hydrological
characteristics available, many freshwater habitats globally lack such resources. The global
coverage of WorldClim data derived with consistent methods remains extremely useful for
species distribution modeling, particularly when other measurements are lacking or incomplete.
The AqHab dataset employed in this study can examine dreissenid distribution in the Great
Lakes, however the models created with it are incapable of being extrapolated outside the study
extent for lack of identical environmental covariate datasets. Combining BioClim measurements
with additional covariates such as bathymetry, distance to shoreline, and a metric of stratification
would likely result in high-performance predictions in other freshwater systems. The AUC scores
of all models suggest an incomplete understanding of dreissenid niches. To improve predictive
performance, future additions to the AqHab covariate dataset might include measurements
known to have relevance for dreissenid distributions, such as pH, turbidity, calcium
concentration and dissolved oxygen, (Alexander et al. 1994; Jones & Ricciardi 2005; Karatayev
et al. 2018). SDMs might be further improved by utilizing dreissenid densities and a finer spatial
scale, which may improve understanding of microhabitat characteristics relevant to the small
benthic organisms (Poff 1997; Elith & Leathwick 2009).
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Our findings have implications for the practice of using traditional climate data to model
aquatic species in large freshwater systems. On the one hand, BioClim covariate models are able
to capture the broad patterns of occurrence of two dreissenid species in the Laurentian Great
Lakes. However, use of aquatic habitat covariates resulted in models of increased biological
interpretability and were particularly informative for understanding differences in habitat
preference between the related invaders. Given the long tenure of the AIS in this habitat, our
study offers a future perspective for regions newly-invaded by dreissenids. These findings
provide considerations for ecological modeling of freshwater species globally.
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